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a  b  s  t  r  a  c  t
To  date,  only  one  study  has examined  test–retest  reliability  of  resting  state  fMRI  (R-fMRI)  in  children,
none  in  clinical  developing  groups.  Here,  we  assessed  short-term  test–retest  reliability  in a  sample  of  46
children  (11–17.9  years)  with  attention-deﬁcit/hyperactivity  disorder  (ADHD)  and 57  typically  develop-
ing  children  (TDC).  Our  primary  test–retest  reliability  measure  was  the  intraclass  correlation  coefﬁcient
(ICC),  quantiﬁed  for  a range  of  R-fMRI  metrics.  We  aimed  to (1)  survey  reliability  within  and  across  diag-
nostic groups,  and  (2)  compare  voxel-wise  ICC  between  groups.  We  found  moderate-to-high  ICC  across
all children  and  within  groups,  with  higher-order  functional  networks  showing  greater  ICC.  Nearly  all
R-fMRI  metrics  exhibited  signiﬁcantly  higher  ICC in  TDC  than  in children  with  ADHD  for  one or  more
regions.  In particular,  posterior  cingulate  and  ventral  precuneus  exhibited  group  differences  in  ICC  acrossesting state fMRI
mage intraclass correlation coefﬁcient
I2C2)
multiple  measures.  In the  context  of  overall  moderate-to-high  test–retest  reliability  in  children,  regional
differences  in  ICC  related  to  diagnostic  groups  likely reﬂect  the  underlying  pathophysiology  for  ADHD.
Our  currently  limited  understanding  of the  factors  contributing  to  inter-  and  intra-subject  variability  in
ADHD underscores  the  need  for large  initiatives  aimed  at  examining  their  impact  on  test–retest  reliability
in  both  clinical  and  developing  populations.
© 2015  Published  by Elsevier  Ltd.  This  is an  open  access  article  under the  CC  BY-NC-ND  license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).. Introduction
The identiﬁcation of biomarkers for neurodevelopmental dis-
rders, a high priority for functional connectomics (Castellanos
t al., 2013; Di Martino et al., 2014), depends on the develop-
ent of measures that yield consistent results when repeated over
ime, i.e., their test–retest reliability must be adequate. A grow-
ng literature has worked to establish the test–retest reliability
∗ Corresponding author.
E-mail address: dimara01@nyumc.org (A. Di Martino).
1 Present address: Trinity College Institute of Neuroscience, Trinity College,
ublin, Ireland.
ttp://dx.doi.org/10.1016/j.dcn.2015.08.003
878-9293/© 2015 Published by Elsevier Ltd. This is an open access article under the CC Bof common resting state functional magnetic resonance imaging
(R-fMRI) measures (for review, see Zuo and Xing, 2014). Initial
results have been encouraging, showing moderate-to-high short-
and long-term test–retest reliability for an array of R-fMRI metrics,
including: seed-based functional connectivity (e.g., Shehzad et al.,
2009), amplitude of low-frequency ﬂuctuations (ALFF; e.g., Zuo
et al., 2010a), independent component analysis (ICA) based-indices
(e.g., Thomason et al., 2011; Zuo et al., 2010b), regional homo-
geneity (ReHo) (Zuo et al., 2013) and voxel-mirrored homotopic
connectivity (VMHC; Zuo et al., 2010c). These studies focused
almost exclusively on neurotypical adults; only one study speciﬁ-
cally examined test–retest reliability in children (Thomason et al.,
2011). That study demonstrated high consistency of connectiv-
ity networks identiﬁed using ICA in typically developing children
Y-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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TDC). However, questions remain about the generalizability of
hese ﬁndings for a broader array of commonly examined R-fMRI
etrics and for children with clinical conditions.
Here, we systematically quantiﬁed test–retest reliability of a
ange of R-fMRI metrics in clinical and nonclinical developing par-
icipants by leveraging a convenience sample of children with
nd without Attention-Deﬁcit/Hyperactivity Disorder (ADHD) who
ompleted two  scans in the same session (∼25 min  apart). We
ocused on R-fMRI measures previously shown to be sensitive to
rain development and increasingly investigated in neuropsychi-
tric disorders (e.g., Di Martino et al., 2014; Collin and van den
euvel, 2013; Craddock et al., 2013; Dennis and Thompson, 2014;
ox and Greicius, 2010; Hagmann et al., 2012; Uddin et al., 2010).
peciﬁcally, we examined VMHC (which characterizes interhemi-
pheric interactions; Zuo et al., 2010c); ReHo (local connectivity;
ang et al., 2004), ALFF (regional variability of the BOLD signal;
ang et al., 2007) and its normalized variant (fALFF; Zou et al.,
008). Finally, based on consistent ﬁndings of altered default net-
ork integrity in neurodevelopmental disorders, including ADHD
Castellanos et al., 2008; Posner et al., 2014), we examined poste-
ior cingulate cortex (PCC) functional connectivity using seed based
orrelations.
As summarized in Table 1, our primary aim was  to quan-
ify the test–retest reliability of a range of R-fMRI metrics in
chool-age children with and without ADHD. Several measures of
est–retest reliability are available and have been used for R-fMRI
e.g., Thomason et al., 2011; Shehzad et al., 2009; Shou et al., 2013;
uo et al., 2010a). In recognition of evidence of regional variation
n test–retest reliability of R-fMRI metrics (see review, Zuo and
ing, 2014) the regional effects of ADHD on intrinsic brain organi-
ation (Posner et al., 2014), and of its widespread use, we selected
oxelwise intraclass correlation coefﬁcient (ICC; Shrout and Fleiss,
979) as our primary test–retest reliability measure. In addition
o ICC, we also surveyed two other test–retest performance meas-
res as they have been used in other imaging studies (e.g., Shehzad
t al., 2009; Thomason et al., 2011; Zuo et al., 2010a), and provide
omplementary information to ICC. These include Kendall’s Coefﬁ-
ient of Concordance (KCC; Kendall and Smith, 1939) – and image
ntraclass correlation coefﬁcient (I2C2; Shou et al., 2013). KCC is
he non-parametric counterpart of ICC assessing voxel-wise con-
istency between scans; I2C2 is a global measure of reliability that
eneralizes ICC to volumetric imaging data.
Secondarily, we aimed to directly compare voxel-wise ICC
etween ADHD and TDC. To ensure that any differences in reliability
bserved between the two groups could be attributed to diagnostic
tatus, as opposed to commonly observed differences in scanner
ead-motion, we ensured that the two groups were matched on
ead motion (e.g., mean frame-wise displacement; Jenkinson et al.,
002).
. Materials and methods
.1. Sample
We  selected 103 children (aged 12.1 ± 3.1 years) from a larger
ample of 179 children (97 TDC and 82 ADHD) aged between 8
nd 18 years old who completed two resting-state scans. Selection
as based on meeting our criteria for imaging quality control (see
upplementary text) leading to a sample of 57 TDC and 46 children
ith ADHD for our analyses. The selected and excluded subjects
id not differ signiﬁcantly in severity of ADHD symptoms, age, nor
Q (see Supplementary text). Data from 44 TDC and 12 children
ith ADHD were included in one or more previous reports (Koyama
t al., 2011; Yang et al., 2014; Chabernaud et al., 2012; Di Martino
t al., 2013).itive Neuroscience 15 (2015) 83–93
Presence or absence of ADHD and Axis-I psychiatric comorbid-
ity (according to the Diagnostic and Statistical Manual of Mental
Disorders, 4th ed., text rev.; DSM-IV-TR; American Psychiatric
Association, 2000) was  reached by trained clinicians based on
parent and child interviews using the Schedule for Affective
Disorders and Schizophrenia for School-age Children – Present
and Lifetime Version (KSADS-PL; Kaufman et al., 1997), informa-
tion from prior available records, and direct observation during
testing. Children with ADHD were included regardless of their
psychiatric comorbidity except for psychotic disorders, major
depression, bipolar and conduct disorder. Inclusion as TDC required
absence of any DSM-IV-TR Axis I diagnosis based on the same
assessment protocol and no history of treatment with psy-
choactive medications. Absence of known neurological or genetic
syndromes was  required for all participants. Handedness was
evaluated with the Edinburgh Handedness Inventory (Oldﬁeld,
1971) and parents provided information about ethnicity/race and
socioeconomic status. The groups did not differ signiﬁcantly in
ethnicity/race, age, sex, socioeconomic status, or handedness (see
Table 2).
Of the 46 children with ADHD, 22 met  diagnostic criteria
for combined type (ADHD-C), 21 for ADHD predominantly inat-
tentive type (ADHD-I) and 3 for ADHD-not otherwise speciﬁed
(ADHD-NOS). Psychiatric comorbidity with other DSM-IV-TR Axis-
I disorders was  present in 8 (17%) of the children with ADHD (see
Table 2). Clinicians also recorded history of psychotropic med-
ication use per parent report. Thirty-three of the children with
ADHD were naïve to psychoactive medications; of the remaining
13 children with ADHD, one was off stimulants for more than
one year prior to the scan. The remaining 12 children were
currently being treated with stimulants. All withdrew stimulant
∼24 h prior to the scans, except for one child who  was last given
an immediate release stimulant four hours prior to the scan.
The study procedures were approved by the New York Univer-
sity (NYU) and the NYU School of Medicine Institutional Review
Boards, and all parents and children provided written informed
consent/assent.
2.2. Data acquisition
As detailed elsewhere (e.g., Koyama et al., 2011), imag-
ing data were acquired using a Siemens Allegra 3T at the
NYU Center for Brain Imaging. A T1-weighted image (MPRAGE,
TR = 2530 ms;  TE = 3.25 ms;  TI = 1100 ms;  ﬂip angle = 7◦; 128 slices;
FOV = 256 mm;  voxel-size = 1 mm × 1.3 mm × 1.3 mm)  and two  6-
min  resting state scans (multi-echo echo planar imaging (EPI)
sequence reconstructed as conventional single-shot EPI; 180 time
points; TR = 2000 ms;  effective TE = 33 ms;  ﬂip angle = 90◦; 33 slices;
voxel-size = 3 mm × 3 mm × 4 mm)  were acquired during the same
scan session (<1 h apart). To improve functional-to-anatomical co-
registration and to ‘unwarp’ geometrical distortions created by
magnetic ﬁeld inhomogeneities (Jezzard, 2012), we  acquired a cali-
bration scan including a ﬁeld map  prior to the ﬁrst EPI scan. Because
we selected data collected across ongoing studies, acquisition con-
ditions varied slightly. Speciﬁcally, in most cases both scans were
collected while participants kept their eyes open, but in a few, chil-
dren were instructed to close their eyes for one of the two  scans
(see Table 2). As described below, eye status was  accounted for in
our analyses. Additionally, while all children completed a DTI scan
immediately before the second rest scan, for some children this was
preceded by a task fMRI sequence (see Table 2); groups did not dif-
fer signiﬁcantly in MRI  protocols. Finally, the time interval between
Scan 1 and Scan 2 varied across subjects; slight but signiﬁcant diag-
nostic group differences were accounted for in group analyses, as
described below.
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Table  1
Summary of Analyses and Results.
Objective Methods Results
1. Survey short-term (i.e., intra-session) test–retest
reliability in children across and within diagnostic
groups for the following R-fMRI metrics: f/ALFF,
ReHo, VMHC, PCC-iFC.
1. Primary measure: Intraclass Correlation
Coefﬁcient (ICC) using Linear Mixed Effects
model.
2. Secondary complementary measures:
1. Image ICC (I2C2)
2. Kendall’s Coefﬁcient of Concordance (KCC)
1. Moderate (ICC > 0.4) to high (ICC > 0.7) across all
R-fMRI metrics.
2. Large-scale regional variations existed across all
R-fMRI metrics with higher- order cortical networks
showing higher reliability.
3. Moderate to high I2C2 (>0.4) for f/ALFF and ReHo.
Low to moderate I2C2 (0.4 > I2C2 > 0.2) for VMHC and
PCC-iFC.
4.  High KCC across all R-fMRI metrics.
2.  Compare voxel-wise test–retest reliability between 1. Modiﬁed Fisher Z-transform for voxel-wise 1. Signiﬁcant ICC differences (TDC > ADHD) for all
2
P
h
m
p
i
T
C
I
dchildren with ADHD and TDC for each of the R-fMRI
examined (i.e., f/ALFF, ReHo, VMHC, PCC-iFC)
ICC
.3. Data preprocessing
Data preprocessing was carried out using the Conﬁgurable
ipeline for the Analysis of Connectomes (C-PAC version 0.3.4,
ttp://fcp-indi.github.com), an open-source, Nipype-based, auto-
ated processing pipeline with an efﬁcient interface to software
ackages such as FSL, AFNI and ANTs. C-PAC was  customized to
nclude a workﬂow for performing ﬁeld map  correction on EPI data.
able 2
haracteristics of the Sample.
TDC (N = 57) AD
Mean SD M
Age 12.5 3.0 1
Full  IQb 112 14 10
Verbal IQ 112 13 10
Performance IQ 109 13 10
Handedness score 0.6 0.3 
CPRSc DSM-IV Total T score 45.0 5.38 7
N  (%) N 
Male 29 (51) 31
SESd (Class 4 or 5) 39 (68) 35
Race
Caucasian 27 (47) 23
African-American 17 (30) 14
Other 13 (23) 9
Medication treatment
Medication Naïve – 3
Not  naïve but off medication(s) – 
Current stimulant treatment – 1
Comorbidity
DBD-NOS + GAD – 
ODDe – 
Speech language impairmentf – 
Encopresis – 
Mean SD M
Time between scans (min) 22.9 2.6 24
Mean  FD (Jenkinson et al., 2002)g 0.05 0.02 0
N  (%) N 
EFT between rest scansh 20 (35) 11
Exited scanner between rest scans 4 (7) 9 (
Eyes  open for both rest scans 33 (58) 24
a Unpaired Welch corrected t-test.
b Intelligence was estimated with the Wechsler Abbreviated Scale of Intelligence (We
ntelligence Test (KBIT; Kaufman and Kaufman, 2004).
c Conners Parent Rating Scale (CPRS; Conners, 1997).
d SES measures with the Hollingshead Four-Factor Index of Socioeconomic Status (Holl
e Two children with disruptive behavior not otherwise speciﬁed (DBD-NOS) and gener
isorder (ODD) also had additional comorbidity, one with anxiety-NOS and the other wit
f One of these children also presented with dyslexia and dysgraphia.
g Mean FD averaged across Scans 1 and Scan 2 per Jenkinson et al. (2002).
h EFT: Eriksen Flanker Task.measures except VMHC, albeit varying in spatial extent
and magnitude.
Preprocessing for individual R-fMRI data consisted of (1) slice tim-
ing correction for interleaved acquisitions, (2) 3D motion correction
(realignment using 3 translational and 3 rotational parameters), (3)
unwarping geometrical distortions using the B0 ﬁeld map created
from the calibration scan using FUGUE (Jenkinson, 2003), (4) mean-
based intensity normalization, (5) linear and quadratic de-trending,
(6) nuisance regression (see below), (7) temporal band-pass ﬁlter-
ing (0.01–0.1 Hz, except for ALFF and its fractional variant, fALFF),
HD (N = 46) Group differences
ean SD t-Statistica df p
1.4 3.1 1.81 94 0.073
7 15 1.96 90 0.053
7 14 2.27 87 0.045
5 15 1.73 89 0.088
0.6 0.3 0.01 97 0.988
0.3 9.4 16.03 67 <0.0001
(%) X2 df
 (67) 2.22 1 0.137
 (76) 0.41 1 0.522
 (50) 0.16 2 0.923
 (30)
 (20)
3 –
1 –
2 –
2 –
3 –
2 –
1 –
ean SD t-Statistica df p
.8 5.4 2.18 61 0.033
.06 0.02 1.89 67 0.064
(%) X2 df
 (21) 1.03 1 0.311
19) 2.58 1 0.108
 (52) 0.15 1 0.703
chsler, 1999) for all children but one who was evaluated with the Kaufman Brief
ingshead, 1975).
alized anxiety disorder (GAD), two  of the three children with oppositional deﬁant
h enuresis.
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The resulting voxel-wise maps were whole-brain corrected using
Gaussian random ﬁeld theory, thresholded at Z > 2.3 voxel-wise and
at p < 0.05 cluster-wise.26 K. Somandepalli et al. / Development
8) registration (see below), and (9) spatial smoothing using a 6 mm
aussian kernel at full-width half maximum.
.3.1. Nuisance regression
Consistent with prior studies (Satterthwaite et al., 2012; Yan
t al., 2013a), to control for the effects of head motion and to reduce
he inﬂuence of signals of no interest, we regressed the prepro-
essed data on 24 parameters (Friston et al., 1996) obtained from
he motion correction procedure (6 head motion parameters, their
alues from one time point before, and the squared values of these
2 items), and on the mean time courses obtained from white
atter (WM)  and cerebrospinal ﬂuid (CSF), using subject-speciﬁc
asks with tissue type probability threshold of 0.6 for both WM and
SF. To account for any residual additive noise (Yan et al., 2013b),
e included individual subject means for the given R-fMRI metric
s a nuisance covariate. This step was performed at the group-level
see below).
For comparison with other common nuisance regression
pproaches, secondary analyses used two other subject-level nui-
ance signal regression strategies: (1) CompCor: ﬁve principal
omponents derived from WM and CSF were included in the model
Behzadi et al., 2007) and (2) global signal regression (GSR): signals
rom WM,  CSF, and a whole-brain mask were regressed. Both of
hese alternative regression approaches also included the 24 Fris-
on motion parameters.
.3.2. Registration
For each participant, we performed a pairwise registration of
heir two EPI scans, to calculate a “midway” point between them
Reuter et al., 2012). Each EPI was then registered to this “mid-
ay” functional volume, and linear registration of the “midway”
olume to the subject’s high-resolution structural image was  per-
ormed using FSL FLIRT with boundary-based registration (Greve
nd Fischl, 2009; Jenkinson et al., 2002; Jenkinson and Smith,
001). This functional-to-anatomical co-registration was improved
y intermediate registration to a low-resolution image obtained
rom the calibration scan, followed by B0 unwarping (see Sup-
lementary Material and Supplementary Figure 1). The resulting
mages were then transformed into MNI152 (Montreal Neurologi-
al Institute) space at 2 mm3 resolution using ANTs (Avants et al.,
010). For VMHC analyses, functional data in MNI  space were reg-
stered to a symmetric template obtained as in Zuo et al. (2010c).
.4. R-fMRI metrics
Amplitude of low frequency ﬂuctuations (ALFF; Zang et al., 2007)
nd Fractional ALFF (fALFF; Zou et al., 2008): ALFF is the standard
eviation of a band-pass ﬁltered (here, 0.01–0.1 Hz) voxel time
eries and fALFF is the ratio of ALFF to the standard deviation of
he unﬁltered time series.
Regional homogeneity (ReHo) is a measure of local coherence that
s calculated from the Kendall’s Coefﬁcient of Concordance (Zang
t al., 2004) between the time series of a given voxel and those of
ts nearest neighbors (here 26).
Voxel-mirrored homotopic connectivity (VMHC) is the Pearson
orrelation between the time series of each voxel and its symmetri-
al inter-hemispheric counterpart (Anderson et al., 2011; Zuo et al.,
010c).
PCC intrinsic functional connectivity (iFC): We  extracted the aver-ge time series for the posterior cingulate cortex (PCC: −8, −56, 26;
 mm diameter sphere) (Andrews-Hanna et al., 2010) and then cal-
ulated the Pearson correlation coefﬁcient between this PCC time
ourse and that of every other brain voxel.itive Neuroscience 15 (2015) 83–93
2.5. Intraclass correlation coefﬁcient (ICC) within and between
groups
For each R-fMRI metric we computed ICC (Shrout and Fleiss,
1979) across all 103 children, as well as within ADHD and TDC
groups, separately. Speciﬁcally, we  used an “ICC-type variance
ratio” deﬁned by Shrout and Fleiss (pg. 423; 1979) used in pre-
vious studies (e.g., Shehzad et al., 2009; Zuo et al., 2010a). We  then
tested for group differences in voxel-wise ICC between ADHD and
TDC. Consistent with prior work we focused on ICC > 0.4, which
is considered to reﬂect the moderate to high range of test–retest
reliability (Landis and Koch, 1977; Zuo et al., 2013).
2.5.1. Within-group ICC
To quantify inter- and intra-individual variability, we  employed
a linear mixed effects (LME) model (Hoffman and State, 2010; Laird
and Ware, 1982; State, 2010). To calculate ICC at each voxel for
a given continuous fMRI measure , consider a sample of n sub-
jects with k repeated measurements each. Letting ij denote the
voxelwise metric for the ith participant measured at jth time (for
i = 1,. . .n; j = 1,.  . .k), we  use the following two-level LME  to decom-
pose ij at each voxel:
ij = i + ˇ1mean FDij + ˇ2eye statusij + ˇ3subject meanij + eij, with
i =  + pi + ˇ3agei + ˇ4sexi + ˇ5ti
(1)
where  is the group average, pi is the random effect of the ith
participant and eij is an error term; these are independent and nor-
mally distributed with mean 0 and variances 2p and 
2
e that are
to be estimated. ˇ1–ˇ5 denote the effects of covariates: both intra-
individual variables, namely mean frame-wise displacement (mean
FD; Jenkinson et al., 2002), eye-status (i.e., eyes closed vs. open at
scan), individual subject means for each R-fMRI measure (subject
mean), and the inter-individual variables age, sex, and time inter-
val between Scan 1 and Scan 2 (t). The ICC of  is computed, at
each voxel, as:
ICC() = ˆ
2
p
ˆ2p + ˆ2e
, (2)
where the variance component estimates ˆ2p and ˆ
2
e are derived by
restricted maximum likelihood (ReML) as in Zuo et al. (2013).
2.5.2. Between-group ICC differences
To assess whether reliability differs signiﬁcantly between
ADHD and TDC, we used a test procedure based on Fisher’s z-
transformation proposed by Konishi and Gupta (1987; page 231;
formula 3.7). The voxelwise test statistic to compare the two groups
is given by
ZTDC−ADHD = Z(ICCTDC)  −  Z(ICCADHD)√
1/[NTDC −  d  −  2]  +  1/[NADHD −  d  −  2]
=
1/2
[
log[(1  +  TDC)/(1  −  TDC)]  −  log[(1  +  ADHD)/(1  −  ADHD)]
]
√
1/[NTDC −  d  −  2]  +  1/[NADHD −  d  −  2]
(3)
where  refers to the ICC for the group indicated by the subscript,
NADHD and NTDC are the two  groups’ sample sizes, and d corre-
sponds to the number of covariates (here d = 6) in the LME model.2 The approximate standard deviation (SD) of a Z-transformed Pearson corre-
lation is given by 1/(
√
N − 3). Similarly, the SD for a partial correlation with d
K. Somandepalli et al. / Developmental Cognitive Neuroscience 15 (2015) 83–93 87
Table  3
Peak voxel and center of gravity (COG) coordinates for between group ICC differences.
R-fMRI metric # voxels Cluster index Peak Z coordinates COG coordinates Labels
X Y Z X Y Z
ALFF 13,200 1 39 61 37 44.6 50.8 38.5 Paracingulate gyrus, cingulate gyrus
(posterior division), R thalamus, R
putamen, brain stem
fALFF  279 1 45 45 65 45.8 43.8 64.2 Postcentral gyrus, cingulate gyrus
(posterior division)
ReHo 1383 1 70 42 56 48.5 41.3 52.4 Supramarginal gyrus, superior
temporal gyrus
6371 2 18 55 36 20.5 44.8 47.2 Pre- and post-central gyrus
PCC-iFC  250 1 53 37 52 45.8 35.1 48.7 Paracingulate gyrus, superior frontal
gyrus
599  2 44 85 46 46.0 86.2 47.3 Precuneus, cingulate gyrus (posterior
division)
N  func
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ﬁote: Center of Gravity (COG) and peak coordinates obtained using FSL easythresh
arvard-Oxford Cortical and Subcortical atlases.
Finally, for consistency with other studies (e.g., Shehzad et al.,
009; Thomason et al., 2011; Zuo et al., 2010a), we surveyed com-
lementary measures of test-rest reliability including (1) image
ntraclass correlation coefﬁcient (I2C2; Shou et al., 2013), a global
easure of reliability that generalizes the classic ICC for volu-
etric imaging data; and (2) a non-parametric measure, Kendall’s
oefﬁcient of Concordance (KCC; Kendall and Smith, 1939) which
ssesses the voxel-wise consistency of a R-fMRI metric between
cans. As above, we computed these metrics across all subjects,
nd within the TDC and ADHD groups separately (maps for each
DHD subtype – Inattentive (ADHD-I) and Combined (ADHD-C) –
ere similar to each other; data not shown).
. Results
.1. Within-groups ICC
As summarized in Table 1, both across all subjects and within
he two diagnostic groups (i.e., ADHD and TDC), moderate-to-high
oxelwise ICC were obtained for cortical and subcortical regions,
lbeit with varying magnitude across R-fMRI metrics and brain
reas (see Fig. 1 for maps and distribution of ICC magnitudes).
e observed high ICC (i.e., 0.7 and above) for ALFF and ReHo
nd moderate-to-high ICC (i.e., 0.4–0.8) for fALFF and VMHC. As
bserved by Zuo and Xing (2014), ReHo showed high ICC both with
espect to magnitude and spatial extent, and ICC of ALFF was  sub-
tantially greater than that of fALFF. As observed in healthy adults
Shehzad et al., 2009; Yan et al., 2013a), PCC-iFC ICC was  highest in
egions exhibiting signiﬁcant correlations with PCC, but across the
hole brain ranged from fair to moderate (i.e., 0.2–0.6). As shown
n Supplementary Figure 2, these results were consistent across
reprocessing approaches.
To summarize ICC in terms of large-scale functional cortical
etworks, we computed the Fisher’s Z-transformed ICC within six of
he seven cortical networks described by Yeo et al. (2010). Adequate
overage of ventral medial orbitofrontal cortex was not available
or all participants due to susceptibility artifacts of these ventral
egions; accordingly, the limbic network was excluded from this
nalysis. This step was conducted for all R-fMRI measures except
CC-iFC, which largely overlaps with the Default network.
ovariates is given by 1/(
√
N − d − 3) as per Levy and Narula (1978); Testing
ypotheses concerning partial correlations – some methods and discussion. Int. Stat.
ev. 46, 215–218. It follows that for ICC of two measurements, the approximate SD
or  Z-transformed ICC is given by 1/(
√
N − 2) (Fisher, 1958, Chapter 7; Konishi and
upta, 1987). Thus heuristically, if ICC is derived from a linear mixed model with d
xed effects, it is reasonable to approximate the SD as 1/(
√
N − d − 2).tion in MNI152.2 mm3 space; labels obtained using FSL function atlas query with
We compared the distribution of voxel-wise ICC values among
functional networks using the rank-based test of Kruskal (1952).
The result was  signiﬁcant (p < 0.0001) for all R-fMRI measures, indi-
cating that reliability differed appreciably among the six functional
networks. Fig. 2 (in which higher rank means higher ICC) shows
that the Default network exhibited the highest reliability overall
(ranked ﬁrst for fALFF, ReHo and VMHC; fourth for ALFF), while the
Visual network was the least reliable across all measures. In general,
networks supporting higher order functions (Default, Ventral and
Dorsal Attention and Frontoparietal Control network) were more
reliable than networks supporting perceptual and somatomotor
function, for all measures except ALFF.
3.2. Other measures of reliability
Secondary analyses on other test–retest performance measures
included voxel-wise consistency with KCC (Fig. 3). Global measures
of reliability of the brain space indexed by I2C2 (Fig. 4) showed a
pattern of results similar to ICC.
3.3. Between-group ICC differences
Signiﬁcant differences in ICC between ADHD and TDC groups
were observed for all R-fMRI metrics except VMHC (Fig. 5). No
R-fMRI metric showed regions with signiﬁcantly greater ICC for
ADHD than TDC, while we observed focal clusters with greater ICC
in TDC compared to ADHD. Although the spatial location of group
differences varied across measures, they appear most consistently
in aspects of ventral precuneus and PCC (see Fig. 5 and Supple-
mentary Figure 3). Peak coordinates of clusters differing between
groups are shown in Table 3. As shown in Supplementary Figure
3, these results were consistent across preprocessing approaches
except for ALFF and fALFF, suggesting that these measures are more
susceptible to variation in preprocessing (Zuo et al., 2014).
To facilitate the interpretation of ICC diagnostic group differ-
ences, and illustrate the scale, range and distribution of these
variance components across the whole brain, at each voxel, we
extracted the variance components (i.e., between- and within-
subject variance) used in the estimation of ICC for each diagnostic
group separately. As shown in Supplementary Figure 4, both the
range and scale of these components were greater in individuals
with ADHD, for all measures and particularly so for ALFF.
4. DiscussionWe quantiﬁed short-term test–retest reliability of a range of R-
fMRI metrics in a convenience sample of 46 children with ADHD and
57 TDC matched for “micro” levels of head motion. We  observed
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Fig. 1. Within groups ICC for R-fMRI metrics. Surface maps show spatial distribution of voxel-wise intraclass correlation coefﬁcients (ICC) within the ADHD and TDC groups
and  across all subjects (ALL), from the top to the bottom row, respectively. The color bar indicates fair (ICC = 0.4; dark red) to perfect reliability (ICC = 1.0; white). The kernel
density  estimate plots in the lower-most row illustrate the distribution of ICC for ADHD, TDC and ALL. The peaks of the density curves indicate the most frequently observed
ICC  magnitude (x-axes) for a given R-fMRI metric. For all ﬁgures, ICC within gray matter only is reported (mask created using the MNI152 gray matter tissue prior included
with  FSL (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL), thresholded at 25% tissue-type probability). As the density of ICC for PCC-iFC was computed for the whole gray matter,
a  large portion of area under the curve lies below ICC = 0.2, however the corresponding surface maps show ICC > 0.4 for regions known to be signiﬁcantly correlated with
PCC  (i.e., default network). For VMHC, although there is only one ICC value for each pair of homotopic voxels, results are projected onto both hemispheres to minimize
confusion regarding the laterality of the results. Surface maps were generated using the pysurfer package in python (http://pysurfer.github.io/index.html) and density plots
were  generated using Gaussian kernel density estimation, available through the scipy package in python (http://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.
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oderate-to-high ICC across diagnostic groups for the R-fMRI
etrics ALFF, fALFF, ReHo, VMHC, and PCC-iFC. These ﬁndings,
ogether with similar results from secondary analyses on other
easures of test–retest performance (i.e., I2C2, KCC), suggest that
he R-fMRI metrics we tested are generally reliable within the
ame session in children with or without ADHD. Nevertheless,
est–retest reliability across R-fMRI measures exhibited regional
ariation. Higher-order cortical networks such as the Default net-
ork, Frontoparietal Control (Control) network, Dorsal Attention
DorsAttn) and Ventral Attention (VentAttn) networks showed the
ighest test–retest reliability (ICC), followed by the Sensory/motor
etwork and Visual network. Regions also varied in terms of diag-
ostic differences in voxel-wise ICC. All R-fMRI metrics except
MHC exhibited signiﬁcantly greater ICC in TDC than children with
DHD, though spatial extent and magnitude varied among R-fMRI
etrics. Below, we discuss these ﬁndings in more detail.
.1. Test–retest performance in children
Our ﬁndings of moderate-to-high test–retest performance in
hildren were consistent with a prior report both at short- (within
ession) and long-term (2–3 years) intervals in ∼15 TDC (Thomason
t al., 2011) which found high consistency across six sensory and
ognitive cortical ICA networks. Here, we extended the investiga-
ion of test–retest performance to a range of other R-fMRI metricsloping children; ALFF: amplitude of low frequency ﬂuctuations; fALFF: fractional
-iFC: intrinsic functional connectivity (iFC) of the posterior cingulate cortex (PCC;
that are increasingly used to study intrinsic properties of brain
architecture in children and adults (Anderson et al., 2011; Craddock
et al., 2013; Di Martino et al., 2014; Zuo et al., 2010c). Across meas-
ures, the pattern of ﬁndings was  consistent with Thomason et al.’s
results in terms of both the magnitude of test–retest reliability
observed and the spatial cortical network distribution.
Across R-fMRI metrics, our ﬁndings in children were also qual-
itatively comparable to results from previous studies conducted
in adults over both short and long intervals (Shehzad et al., 2009;
Zuo et al., 2010a,c, 2013). However, age has been found to affect
test–retest reliability, at least in adulthood (Song et al., 2012).
As such, a quantitative investigation of ICC across the life span
for a range of R-fMRI metrics is necessary – surveying short-and
long-term test–retest reliability across the life span will allow the
age-related dependence of test-rest reliability to be quantiﬁed.
In addition to ICC we  also surveyed two  other test–retest perfor-
mance measures as they have been used in other imaging studies
(e.g., Thomason et al., 2011; Shehzad et al., 2009; Shou et al., 2013)
and provide complementary information to ICC. They all yielded
moderate-to-high test–retest reliability. We note, however, that
each of these measures captures different aspects of test–retest
performance. For both voxel-wise ICC and KCC, one can generate a
spatial distribution of scores that can be informative or overwhelm-
ing, depending on the speciﬁc question being asked. In contrast
I2C2 is a global summary measure. As such, I2C2 is less sensitive
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Fig. 2. Cortical functional networks rank ordered by their ICC values. Boxplots showing the distribution of voxel-wise Z scored ICC values of R-fMRI metrics across all 103
subjects in 6 of the 7 cortical functional parcellations deﬁned by Yeo et al. (2010). From right to left, default network (purple), frontoparietal control network (Control; blue),
ventral  attention network (VentAttn, dark green), dorsal attention network (DorsAttn; light green), somatomotor (SomMot) and visual networks are the units used here. The
limbic  network (light blue in the surface map) in the original set of networks determined by Yeo et al. (2010) was excluded due to poor coverage in that region. The solid
horizontal black line in the boxplot indicates the mean value of ICC rank in a given network and the solid box indicates the standard deviation for the distribution of ranks.
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o speciﬁc regional information; however, it takes inter-individual
ariation into account and, since it provides a single measure of reli-
bility for an entire image volume, it simpliﬁes the comparison of
ifferent processing pipelines and imaging acquisition protocols on
eliability. In summary, no single test–retest performance measure
s superior to the others, as also illustrated by our ﬁndings.
.2. Test–retest voxel-wise ICC in clinical populations
Only two previous studies in adults have examined test–retest
eliability in clinical populations. In both cases, long-term reliabil-
ty (2.5–16 months between scans) was assessed. Turner et al.
2012) found moderate-to-high test–retest reliability of ALFF in
oth adults with schizophrenia and healthy comparisons, though
uantitative between-group comparisons were not conducted.
nother study (Blautzik et al., 2013) reported lower test–retest reli-
bility of ICA in elderly individuals with mild amnestic cognitive
mpairment relative to elderly controls, although again, quantita-
ive between-group comparisons were not performed. Our study
s the ﬁrst to examine test–retest reliability in children with a
evelopmental disorder (ADHD) and to quantitatively compare
iagnostic groups. In contrast to the aforementioned studies, our
xamination of short-term test–retest reliability revealed regions
ith signiﬁcantly greater ICC in TDC relative to ADHD, though
ot all R-fMRI metrics exhibited the same magnitude of group
ifferences in reliability. For instance, VMHC showed no group
ifferences in short-term reliability, and fALFF exhibited minimalspectively. ALFF: amplitude of low frequency ﬂuctuations; fALFF: fractional ALFF;
group differences. Across the remaining R-fMRI measures (i.e., PCC-
iFC, ReHo, and ALFF) the PCC and ventral precuneus stood out as
consistently exhibiting diagnostic group differences in test–retest
reliability.
We note that while head motion during scanning can affect
test–retest reliability (Yan et al., 2013a; Zuo et al., 2014) and is
likely to affect diagnostic group differences in reliability, in this
study ADHD and TDC groups were matched for motion, which was
generally low and controlled both at the individual and the group
levels. We also exclude variation in other nuisance signals as a driv-
ing factor for ICC groups differences, because groups did not differ
on mean voxel-wise SNR, nor on the global correlation matrix com-
puted per Saad et al. (2013) (data not shown). As such, it is unlikely
that our ﬁndings of ICC group differences reﬂected motion or other
currently known artifacts. Rather, in interpreting our results, we
reiterate that ICC depends on both inter- and intra-subject variabil-
ity. Their underlying factors may  differ between diagnostic groups
and may  be anchored in the physiopathology of ADHD, which to
date remains unclariﬁed. ADHD is highly heterogeneous in both its
clinical and biological presentations, likely increasing inter-subject
variability. Consistent with this notion, we  noted higher between-
subject variability for ADHD across R-fMRI measures. In considering
the source(s) of such variability, qualitative comparisons of ICC pro-
ﬁles across ADHD DSM-IV-TR subtypes (i.e., ADHD-I and ADHD-C)
revealed virtually no differences (data not shown), albeit in smaller
subsamples. As acknowledged by recent studies calling for a bio-
logical redeﬁnition of ADHD subtypes (e.g., Karalunas et al., 2014),
90 K. Somandepalli et al. / Developmental Cognitive Neuroscience 15 (2015) 83–93
Fig. 3. KCC for different R-fMRI metrics. Spatial distribution of voxel-wise Kendall’s Coefﬁcient of Concordance (KCC) within the ADHD and TDC groups and across all subjects
(ALL)  from top to the bottom row. Color bar shows moderate (KCC = 0.5; dark red) to perfect concordance (KCC = 1.0; white). Lowermost row shows kernel density estimate
plots  illustrating the distribution of KCC, the peaks of the density curves indicate the frequently observed KCC value for a corresponding R-fMRI metric. For all ﬁgures, KCC
only  within gray matter was  considered. For VMHC, although there is only one KCC value for each pair of homotopic voxels, results are projected onto both hemispheres
to  minimize confusion regarding laterality of results. Surface maps generated using pysurfer package in python (http://pysurfer.github.io/index.html) and density plots
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ther sources of heterogeneity need to be identiﬁed and explained
f reliable biomarkers are to be attained.
Accompanying elevated between-subject variability in ADHD,
e also observed elevated intra-subject variance in ADHD (also
ontributing to the lower ICC in ADHD vs. TDC). This could be related
ig. 4. Within groups I2C2 for R-fMRI metrics. The estimates of image intraclass correlatio
ll  subjects are represented by the red lines across each beanplot. The beanplots show th
.5%  and 97.5% conﬁdence intervals). I2C2 estimation was constrained to a gray matter m
 using the software provided by Shou et al. (2013; http://www.smart-stats.org/wiki/im
isorder; TDC: typically developing children; ALFF: amplitude of low frequency ﬂuctua
omotopic connectivity; PCC-iFC: intrinsic functional connectivity (iFC) using seed base
 mm diameter sphere). python (http://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.gaussian
to a prominent characteristic of ADHD: increased intra-subject
variability observed across a wide range of behaviors (Castellanos
et al., 2005; Koﬂer et al., 2013). Abnormal regulation of network
temporal dynamics (e.g., Allen et al., 2012) could be responsible
for the ADHD-related increases in intra-subject variability. If such
n coefﬁcients (I2C2) for different R-fMRI metrics for ADHD, TDC groups and across
e distribution of the variance in the I2C2 estimator (horizontal black lines indicate
ask (threshold = 25% tissue-type probability). I2C2 estimations were performed in
age-intra-class-correlation-coefﬁcient-i2c2). ADHD: attention deﬁcit hyperactivity
tions; fALFF: fractional ALFF; ReHo; regional homogeneity; VMHC: voxel mirror
d correlation with posterior cingulate cortex (PCC; seed coordinates: −8, −56, 26,
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Fig. 5. ICC group differences (ADHD vs. TDC). Results of voxel-wise comparison of intraclass correlation coefﬁcients (ICC) between diagnostic groups (ADHD vs. TDC) i.e.,
ZTDC–ADHD indicates signiﬁcantly higher ICC in TDC compared to ADHD (red to yellow color bar). ZADHD–TDC indicate signiﬁcantly higher ICC in ADHD vs. TDC (blue to white
color  bar): no such areas were observed for any R-fMRI measures. No signiﬁcant group differences in ICC were observed for VMHC. For all analyses, Gaussian random ﬁeld
theory  was  employed (minimum Z > 2.3; cluster signiﬁcance: p < .05, corrected). Surface maps were generated using the pysurfer package in python (http://pysurfer.github.
io/index.html) and axial maps (z 16, 36, 56) were generated using Analysis of Functional NeuroImages software (AFNI; http://afni.nimh.nih.gov/afni). ADHD: attention deﬁcit
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ynamics differ between ADHD and TDC, we would expect meas-
res of test–retest reliability to be affected. In this regard we  note
hat PCC and precuneus exhibit substantial variation in iFC tempo-
al dynamics in healthy control adults (Yang et al., 2014). Since PCC
nd ventral precuneus exhibited consistent diagnostic group differ-
nces in test–retest reliability (ICC), future studies should attempt
o disentangle the inﬂuences of inter- and intra-subject factors. This
ill allow for a better understanding of the role of PCC/precuneus
unctioning in ADHD and its impact on test–retest reliability.
.3. Limitations
Results should be interpreted in light of study limitations. First,
e only examined short-term test–retest reliability, which reﬂects
he “best case” and thus represents the expected ceiling. Typi-
al test–retest designs involve intervals of days to months (Zuo
t al., 2014). Longer intervals can be of interest for studies of
nterventions, although they also entail potential confounds of
xperiential effects or developmental changes. Of note, the Nathan
line Institute-Rockland Sample initiatives (Nooner et al., 2012) are
aking openly available test–retest scans (1–4 weeks apart) that
re being collected as part of an ongoing longitudinal study exam-
ning connectomes from ages 6 to 21 (see http://fcon 1000.projects.
itrc.org/indi/enhanced/ for details).
Because we used a convenience sample, we could not control for
everal data acquisition factors that may  affect test–retest reliabil-
ty. The sources of variation in R-fMRI measures may  be extrinsic
e.g., experiment-related) and intrinsic (e.g., subject-related).
The former include factors such as between-scan intervals,
hich slightly differed between groups, and eye-status (open,
losed; e.g., Patriat et al., 2013). Nevertheless, both were controlled
s covariates in analyses. Other extrinsic factors such as time of
ay, whether a task was performed between rest scans, seasonal
ariation, and intrinsic factors such as female menstrual cycles or
atiety could not be considered. Another possible source of intrin-
ic variability may  be related to the reported changes of iFC over
ime (within a scan session e.g., Allen et al., 2012; Yang et al., 2014).uency ﬂuctuations; fALFF: fractional ALFF; ReHo; regional homogeneity; VMHC:
f the posterior cingulate cortex (PCC; seed coordinates: −8, −56, 26, 8 mm diameter
No other studies have assessed the impact of variability in R-fMRI
measures as a function of mental states to date and our study was
not designed to do so as only ∼6 min  of R-fMRI data were collected.
The impact of these sources of variability on test–retest reliability
is unknown. Such factors should be considered in future studies.
Simultaneous physiological recordings (cardiac and respiratory
rates) were not available for all our subjects. Accordingly, we did
not directly correct for physiological noise, which could affect ICC
measurements (e.g., Birn et al., 2014; Gotts et al., 2012). This is most
relevant for ALFF, and those ﬁndings should be interpreted with
caution. Speciﬁcally, ALFF is sensitive to artifactual signals aris-
ing from physiological noise aliased into the low-frequency range
(i.e., 0.001–0.1 Hz) (e.g., Birn et al., 2006; Chang and Glover, 2009).
Because fALFF is more effective in minimizing artifacts associated
with physiological signals (Zuo et al., 2010a) we  recommend either
using this metric as the preferred index of the amplitude of low
frequency oscillations or using it along with ALFF. As shown by Yan
et al. (2013b), preprocessing steps aimed at controlling for phys-
iological and other noise could affect ICC values. We  tested for
this by using three different preprocessing approaches and found
a similar pattern of results, suggesting that preprocessing did not
substantially affect test–retest reliability of between-group differ-
ences. Finally, in addition to quantifying the reliability of R-fMRI
indices, future studies should assess the validity and accuracy of
R-fMRI measures by integrating R-fMRI with electrophysiological
recordings (e.g., Keller et al., 2011, 2013).
5. Conclusions
Within the same scan session, test–retest reliability in both
children with ADHD and TDC is moderate to high for a range of
R-fMRI measures. Although we detected regional differences in
test–retest reliability between diagnostic groups, these were rela-
tively circumscribed and varied across measures. While our results
are encouraging, current limited understanding of the contrib-
utions of inter- and intra-subject variability to test–retest reliability
underscores the need for large test–retest initiatives such as the
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